Abstract--Strong evidenceshowsthat characteristic patterns of breast tissues as seen on mammography, referred to as mammographic parenchymal patterns, provide crucial information about breast cancer risk. Quantitative evaluation of the characteristic mixture of breast tissues can be used as for mammographic risk assessment as well as for quantification of change of the relative proportion of different breast tissue patterns. This paper investigates mammographic segmentation based on spatial moments and prior information of mammographic building blocks (i.e. nodular, linear, homogenous, and radiolucent) as described by Tabar's tissue models to describe parenchymal patterns. The algorithm extracted texture features from a set of subsampled mammographic patches. Tabar's mammographic building blocks were modelled as statistical distribution of clustered filter responses based on spatial moments. Evaluation was based on the Mammographic Image Analysis Society (MIAS) database. The experimental results indicated that the developed methodology is capable of modelling complex mammographic images and can deal with intraclass variation and noise aspects. The results show realistic segmentation on tissue specific regions with respect to breast anatomy and Tabar's tissue models. In addition, the segmentation results were nsed for mammographic risk based classification of the entire MIAS database resulting in~70% correct low/high risk classification.
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Tabar's modelling is strongly influenced by Wolfe's original work, which divided a mammogram, using parenchymal patterns, into four classes [15] . For the Tabar risk assessment model the relative proportions of tissue belonging to the four building blocks is used to subdivide mammograms into five risk classes. Patterns I to V indicate an image from low to high mammographic risk [10] , [7] . The relative composition of the four building blocks, nodular, linear, homogeneous and radiolucent (in that order) are as follows: Pattern I has composition composed of [25%, 15%, 35%, 25%]; Pattern II is composed of [2%, 14%, 2%, 82%]; Pattern III is similar in composition to Pattern II, except that the retroareolar prominent ducts are often associated with periductal fibrosis. The composition of Pattern IV is: [49%, 19%, 15%, 17%]. Pattern V is composed as [2%, 2%, 89%, 7%] [6] . Fig. 1 shows example of mammographic images with respect to Tabar's five mammographic risk patterns .
To date, mammographic parenchymal pattern classification is based on subjective appraisal of mammograms, leading in inter and intra observer variability [5] . In order to develop an automated, accurate and repeatable mammographic risk estimation approach based on Tabar's risk assessment model, the major challenge is to segment a given mammographic image according to Tabar's building blocks so that the characteristic mixture of these building blocks can be determined and the mammographic risk can be estimated [10] , [6] .
Our approach is based on recent trends in texture analysis [11] , [13] . [13] uses a set of filters to extract texture features from a training set. The resultant filter responses are clustered by using general clustering technique to generate texture models. Texture classes are defined as statistical distribution over a texture model dictionary (clustered filter responses). Finally, an appropriate distance measure can be used as means of classification .
A small number of previous papers have used texture based techniques to perform mammographic segmentation and classification with respect to Tabar's modelling . He et al.'s [3] proposed a mammographic segmentation based on texture modelling of Tabar's mammographic building blocks by using textons [4] . They defined texture classes as statistical distributions (a vector of distinct filter responses) over a texton dictionary developed from a training set [4] , [6] . In [3] , a collection of mammographic patches were used as training set. The filter bank used to extract texture features containing isotropic Gaussian and Laplace of Gaussian filters at four scales and twenty four anisotropic second-order Gaussian derivatives also covering four scales [14] . K-means clustering was used to determine texton centers (texture models) from the resultant multidimensional filter response space [3] , [4] , [14] . The evaluation results of segmentation with respect to Tabar's mammographic building blocks show over-represented linear structure tissues, where nodular and radiolucent tissues are under-represented in all classes [3] . The results indicated that the textons approach can be used to perform mammographic segmentation. However, the accuracy is highly dependent on the choice of filters and it is inadequate to extract larger structured texture elements (e.g. nodular tissue), leading to misclassification. Petroudi's work described in [8] also uses texture analysis, but use histogram information of the whole mammogram as a basis for mammographic risk assessment and no detailed segmentations are provided.
Tuceryan showed the efficiency of obtaining texture features by computing local moments in image [11] . The image moments computed over local regions provided a powerful set of features that reflect specific texture properties in images. In this paper, we propose a method of obtaining texture features from mammographic patches by computing the raw moments and derived local properties. The reason for doing this is to obtain texture feature vectors which contain not only texture primitives like in the texton approach, but also geometric interpretations (e.g. shapes, kurtosis, skewness etc). We illustrate the potential of this spatial moments based method for mammographic parenchymal pattern segmentation, classification and demonstrate significate improvements over the previous method.
II. DATA We used the MIAS database [9] . The database contains 322 images, although only 320 are usable (byte file mdb296rl and mdb29511 from the same patient are damaged). Randomly selected mammograms were subsampled by an expert mammographic screening radiologist to obtain samples representing Tabar building blocks, resulting in patches containing (199) nodular, (253) linear, (70) homogeneous and (121) radiolucent tissue examples [6] . The collection of patches cover the various mammographic risk classifications. All the patches were normalised to zero mean and unit variance. The patches consists of representative Tabar's mammographic building blocks with respect to mammographic parenchymal patterns.
In our experiments, all the subsampled mammographic patches were used for training regardless of the associated risk class for the original mammogram.
III. METHODOLOGY
The texture model generation stage can be broken down into the following steps: filtering, deriving local image properties, transformation and clustering.
The filtering used a set of spatial filters based on spatial moments. Local moments m pq are inherently integral-based features, therefore reduces the effect of uncorrelated noise. The computation of local moments can be interpreted as a convolution of the image with a set of masks [11] , [12] . Moments were computed within a set of small local windows W. The size of the local window used to compute image moments can be regarded as a scale parameter. In the experiment we used W=7, 11, 15, 19. The selection of window sizes was determined empirically. We used only up to fourth order moments which seemed to be able to capture enough texture geometry information and keep feature dimensionality low. The lower-order moments (p + q ::; 1) have well defined geometric interpretations. The higher-order moments (p +q 2:: 2) give more detailed shape characteristics of the polygons (e.g. symmetry) [11] , [12] .
Some local image properties were derived from the higherorder moments [1] , which include variance, skewness (symmetry), kurtosis (peakedness), orientation and elongation. For each pixel, and each window size, 12 attributes were computed as a texture feature vector (Le. total mass, x and y centre of mass, x and y variance, xy covariance, x and y skewness, x and y kurtosis, orientation, and elongation. In total this meant there were 48 features representing each pixel.).
The moments alone are not sufficient to obtain good texture features, some iso-second order texture pairs are preattentively discriminate by humans, but would have the same average energy over finite regions [11] , [12] . We follow [11] , [12] and use a hyperbolic tangent function, which is logistic in shape, to map moments to texture features. It should be noted that in [11] this transformation was only applied to raw moments, while here we added in derived local image properties (e.g. skewness (symmetry), kurtosis (peakedness), elongation, etc). After the nonlinear transformation, the enhanced feature images show increased differentiation on texture specific region.
Once we obtained the transformed feature vectors, K-means clustering (K = 10) was used to generate a number of cluster centers (texture models). As a result, we obtained 40 cluster centers, each tissue texture class has 10 models (clustered feature vectors) representing nodular, linear, homogeneous and radiolucent tissue respectively [3] . The number of cluster center was determined empirically based on the assumption that each mammographic building block contains at least 4 to 6 texture primitives according to their visual appearance covering different orientations and scales. Note that to date, there is no rigorous way to determine exactly how many texture primitives should be used for complicated texture patterns. For classification, mammograms were filtered with the same set of spatial filters based on spatial moments followed by a nonlinear transformation. For each pixel the resulting feature vector was compared to the distribution of all the texture models. A distance weighted K-nearest-neighbour classification (K = 9) was used to assign a Tabar's mammographic building block (Le. nodular, linear, homogeneous and radiolucent) class to each pixel, which weighted the contribution of each of the k neighbours according to their distance to the query point, giving greater weight to closer neighbours to reduce misclassification. The k value was determined empirically, but variation in these parameters indicated robustness. The classifier incorporated a thresholding post-process to minimise classification error based on prior knowledge of mammographic images' intensities distribution and variation across the whole MIAS database. To be specific, this involved reclassifying some of the homogeneous pixels that have very low intensity to be assigned to the radiolucent tissue class because homogeneous tissue normally has a high intensity.
IV. RESULTS AND DISCUSSION
Ground truth data for each image classification with respect to Tabar classes for the MIAS database was provided by an expert mammographic screening radiologist. A total of 320 mammograms in the database were used in the evaluation. In addition, for 68 subsampled mammographic patches detailed manually annotations were provided by the same radiologist covering 21 nodular, 27 linear structure, 8 homogeneous and 12 radiolucent examples.
During the evaluation, we first validated the method to see its adequacy to produce realistic segmentation on tissue specific areas. All 68 annotated patches were used in the visual assessment (direct comparison between patch segmentation and annotated data). Fig. 2 shows realistic segmentation on tissue specific areas.
Secondly, full mammograms segmentation were validated by using the entire MIAS database. In direct comparison to a texton based approach, our results show improved accuracy of segmentation in terms of the structure of breast parenchymal pattern as well as the proportion of the mixture of four building blocks [3] , [2] . Fig. 3 shows segmentation results for a single mammographic image. It should be clear that the four segmentations are significantly different, with not only a difference in the relative area of the various tissue types, but also in their distribution across the mammographic image. Table I shows average proportion based on all MIAS images of the four building blocks and their standard deviations with respect to the Tabar's tissue models. Table I indicates radiolucent tissue seems to be less-represented in pattern IIJIII. I  26±18  14±5  25±17  32±21  WIll  13±10  8±4  21±20  56±23  IV  38±19  12±5  25±15  23±14  V  l2±18  3±4  67±27  l6±13   TABLE I SHOWING AVERAGE RELATIVE PROPORTION OF THE FOUR BUILDING BLOCKS AND THEIR STANDARD DEVIATION WITH RESPECT TO TABAR ' S TISSUE MODEL.
In pattern IIIIII and V the relative proportion of homogeneous are less than expected. Both have relatively large standard divinations. Finally, the quantitative measurements were used to perform mammographic classification based on Tabar's pattern composition. Table II shows classification of the accuracy of the presented technique discriminating between the Tabar's categories. Table III shows classification corresponding to low and high mammographic risk. It should be noted the classification results are promising except for Tabar class I. However, recent research has shown comparison between Wolfe, Boyd, BI-RADS and Tabar based mammographic risk assessment [7] , which indicated strong correlations between Wolfe, Boyd and BI-RADS whilst Tabar based assessment only shows similar correlation when Tabar class I is ignored [7] . It should be also noted, the number of samples of Pattern V are relatively low.
We have presented a method to perform mammographic segmentation based on spatial moments, which is shown to produce realistic segmentation results with respect to tissue I  33  36  41  9  28%  IIIIII  14  66  5  8  71%  IV  22  6  50  2  63%  V  1  1  5  21  75% V. CONCLUSIONS Quantitative measurements of the characteristic mixture of breast tissues can be used in mammographic risk assessment as well as for quantification of change of relative proportion of different breast tissues. Automatic mammographic segmentation can be found useful as a means of aiding radiologists' diagnosis. In this paper, mammographic image segmentation and classification based on spatial moments has shown a simple and yet powerful way to extract texture features in mammographic images. This method modelled mammographic texture as spatial distribution of values clustered from a stack of small mammographic patches. The presented results show realistic segmentation on tissue specific regions, significantly improved estimation of the relative proportion of the four building blocks, and promising classification. The two major contributions in this paper are 1) an evaluation of moments based texture segmentation applied on mammographic images and 2) mammographic risk classification results based on mammographic segmentation. To our knowledge this is the first attempt to perform mammographic risk assessment and classification based on Tabar's five mammographic risk patterns over the entire available images in the MIAS database. Future study should focus on a fully automated method for feature selection and local window determination. specific areas. The results also show promising segmentation accuracy with significantly improved approximation relative proportion of the four building blocks except for Tabar class I. This can be linked to previous published results [7] which are consistent with our classification results. Normalization was applied in the training stage, all mammograms were normalized to zero mean and unit variance to reduce intensity distribution variance (e.g. contrast and brightness).
We used only up to fourth order moments which seems to be able to capture enough geometry information. We are currently investigating the implication of using higher order without compromising the dimensionality. During the feature extraction, window sizes were determined empirically. These windows are square in shape which inevitably, included other textures. However computing moments from Voronoi Polygons constructed based on texture surface geometry shape before the filtering may be a solution to reduce noise.
Some of misclassification might be caused by texture which has low contrast with the background (e.g. radiolucent patches) leading to meaningless moments. Conversely, patches with high homogeneous density (e.g. homogeneous patches) have a similar problem. This indicates that currently used texture features might miss out some intensity information. The other possibility may be that the clustered centers representing one type of texture also contain other texture information (e.g. linear structure patches used in the training contain regions of radiolucence). Therefore, we used thresholding post-process based on prior knowledge of intensive distribution and variation between different tissues which reduced classification error, though a more thorough study on the thresholding method and its implication are currently being carried out.
